Questions: Positive and negative associations among species influence the structure of plant communities. Yet how these plant associations are assembled at the community level is poorly understood. We propose a new approach that combines spatial ecology, network theory and trait-based ecology to examine the assembly of plantplant associations at the community level.
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de la Cruz, & Escudero, 2016; Schöb, Kammer, Kikvidze, Choler, & Veit, 2008) while competition can reduce them (Durrett & Levin, 1998; MacArthur & Levins, 1967; Pescador, Chacon-Labella, de la Cruz, & Escudero, 2014; Tilman, 1994) . The structure of plant communities can therefore be seen as a complex network of positive and negative interactions among species (Levine, Bascompte, Adler, & Allesina, 2017; Losapio, Pugnaire, O'Brien, & Schöb, 2018; Saiz, Gomez-Gardeñes, Borda, & Maestre, 2018; Verdù & Valiente-Banuet, 2008) . Although this perspective could shed light on the assembly of plant communities, the ecological factors contributing to the formation of these plant networks are poorly understood.
Plant networks depend on the method of how interactions are detected and estimated. Many studies rely on the simplistic approach that fine-scale co-occurrence patterns would reflect species interactions (Delalandre & Montesinos-Navarro, 2018 ).
However, several other processes besides species interactions, such as environmental heterogeneity, species microhabitat preferences and dispersal limitation, can influence species distribution and resulting spatial patterns (Condit et al., 2000; McGill, 2010; Wiegand & Moloney, 2014) . Consequently, these other processes should be considered when inferring interactions from cooccurrence patterns.
The use of spatial point-pattern analysis can provide a more appropriate way of inferring species associations than other cooccurrence statistics (Baddeley, Rubak, & Turner, 2015) . For example, using spatial point-pattern analysis (Baddeley et al., 2015; Diggle, 2003; Wiegand & Moloney, 2014) it is possible to infer plant interactions besides the effects of several other factors responsible for plant distribution, such as environmental heterogeneity, limited dispersal and shared microhabitat preferences (Chacon-Labella et al., 2016; Jara-Guerrero, De la Cruz, Espinosa, Méndez, & Escudero, 2015; Pescador et al., 2014; Wiegand et al., 2012) .
By capturing essential aspects of the ecophysiology and lifehistory strategy of species, functional traits help to better understand processes responsible for ecological patterns (McGill, Enquist, Weiher, & Westoby, 2006) . Thus, traits could indicate how the outcome of species interactions influences community structure (Gross et al., 2009 ) and how species-specific plant interactions affect biodiversity (Schöb, Macek, Piston, Kikvidze, & Pugnaire, 2017) . Plant traits such as leaf mass per area, height and diameter reflect species competitive ability (Gross et al., 2009) and are therefore related to the assembly of plant communities (Schöb, Butterfield, & Pugnaire, 2012) . The sensitivity of plant traits to environmental conditions further allows prediction of the effects of environmental change on plant communities . Plant traits may therefore be a suitable tool for assessing the dependence of plant association networks on environmental conditions. In this study, we combine spatial ecology, network theory and functional traits to reveal the structure of plant networks and the assembly of plant communities. Since facilitation is assumed to be strong in stressful habitats such as alpine vegetation (Callaway et al., 2002; Kikvidze et al., 2015; Schöb et al., 2008) and as it is linked to plant community structure and plant functional traits (Gross et al., 2009; Schöb et al., 2012) , we tested the hypothesis that (a) positive associations characterize a cohesive plant network; and (b) functional traits can explain the degree of network-wide species associations.
| ME THODS

| Study area and sampling design
The study was done in an alpine vegetation (Swiss Alps, 2,300 m a.s.l., 46.39995°N, 7.58224°E; Supporting information Appendix S1: Figure S1 ) dominated by patches of the prostate dwarf shrub Dryas octopetala L. (Rosaceae). This plant forms vegetation patches and has facilitative sheltering effects on other plant species in tundra ecosystems (Klanderud & Totland, 2005) . The plant community was fully mapped with 1 cm accuracy during August 2015 within a 9 m × 3 m rectangular grid (Figure 1 ; Supporting information Appendix S1: Figure S2 ). For each individual plant (i.e., F I G U R E 1 Framework for studying plant networks. A plant community is fully mapped at the individual level. Spatial point-pattern analysis is then used to identify non-random species associations. Finally, network analysis is used to reveal structural properties of plantplant association networks [Colour figure can be viewed at wileyonlinelibrary.com] Predicted density probability
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ramet for clonal plants) we recorded species identity, coordinates of the rooting point (x and y) and measured the following functional traits: plant width, height, number of leaves and leaf mass per area (Supporting information Appendix S3: Methods S1). In total, 2,154 individuals of 29 species were recorded (Supporting information Appendix S1: Figure S3 ). Fine-scale spatial heterogeneity of soil properties was quantified by determining soil gravel content, soil water content and soil C:N ratio with one composite sample in each 1 m 2 grid cell and beneath each Dryas patch (n = 27, total = 54; see Supporting information Appendix S3: Methods S1
for more details).
| Spatial analysis and plant-plant associations
To detect the statistical association between plant species, we employed spatial point-pattern analyses (Baddeley et al., 2015; Diggle, 2003; McGill, 2010; Ripley, 1981; Wiegand & Moloney, 2014) .
First, for each species' spatial pattern, we fitted models of fine-scale spatial distribution that accounted for the effects of environmental heterogeneity and limited dispersal (Pescador et al., 2014; Jara-Guerrero et al., 2015; Chacon-Labella et al., 2016; see Supporting information Appendix S3: Methods S2 for details). Then,
we assessed interspecific spatial associations using bivariate pointpattern analysis (Baddeley et al., 2015) . Species associations were estimated using the inhomogeneous cross-type pair correlation function g(r) (Baddeley et al., 2015) . This function looks at the proportion of individuals of species j occurring within a neighbourhood of distance r of the individuals of species i. The probability p(r) of finding two plants of species i and j at two localities x and y separated by a distance r is p(r) = i (x) j (y) g ij (r) dx dy, where i (x) and j (y) are the densities of the two species at localities x and y, respectively (Supporting information Appendix S1: Figure S6 , Appendix S2: Table S1 ).
For each species pair, we assessed the deviation of the observed bivariate function from the expected null model of species independence (i.e., from a distribution of each species based exclusively on their environmental preferences and dispersal characteristics and independent of other species). Using this approach, we accounted for spatial environmental heterogeneity, shared microhabitat preferences and random dispersal as drivers of species associations (Chacon-Labella et al., 2016; Condit et al., 2000; Pescador et al., 2014; Wiegand et al. 2012 ).
In order to statistically determine whether observed associations ĝ ij (r) (n = 342 species pairs) were significantly different from expectation of species independence, we used a goodness-of-fit (GoF) test based on the Diggle-Cressie-Loosmore-Ford (DCLF) test statistic (Baddeley et al., 2014; Diggle, 2003; Loosmore & Ford, 2006) . This is a Monte Carlo test based on the test statistic
, which considers the integral of squared absolute deviation between the g(r) function and its theoretical value g theo (r) between r = 1 and r = R. As g(r) we considered the empirical, observed pattern ĝ ij (r) and as g theo (r) the average of the theoretical, computed g ij (r) function (Baddeley et al., 2014) . The maximum spatial distance R = 75 cm was considered because it is one fourth of the shortest side of the sampling plot (3 m). Monte Carlo (MC) simulations were used to generate g theo (r) distributions under the null hypothesis of independence of species j with respect to species i. MC simulations consisted in shuffling individuals of species i according to their null model distribution (i.e., the models fitted previously) while keeping the individuals of species j at their observed coordinates (Wiegand & Moloney, 2014) .
This process randomizes the spatial association between species while holding all other processes constant. A total of 199 MC simulations were performed using the envelope function and tested using the dclf.test function in the R package spatstat (Baddeley et al., 2015;  R Foundation for Statistical Computing, Vienna, Austria). Note that statistical artefacts due to different sample sizes to fit species model or random noise in the MC null model may affect the quality and detectability of species associations (Baddeley et al., 2015; Wiegand & Moloney, 2014) .
| Network analysis
Network models were used to map and analyse plant associations at the community level. We built a directed network (Kolaczyk & Csárdi, 2014 ) G = (V, E) composed of V plant species and E ⊆ V i x V j species links. We considered as species links E ij , the significant spatial associations u between plant species i and j (α = 0.05). In other words, we considered that a link existed between two plant species when the observed p-value of the GoF DCLF statistic test was equal to or lower than 0.05.
To reveal network-wide organization of the plant community,
we measured: (a) the number of connections k of each plant species. This is the most basic species-level network property indicating the degree of interconnection of a species within a community. It was calculated using the degree function in igraph (Csárdi & Nepusz, 2006) . (b) The overall network structure as clustering or transitivity (Kolaczyk & Csárdi, 2014; Watts & Strogatz, 1998) , which is defined as the probability that two or more species associated with the same species are also associated with each other (as if friends of mine are also each other's friends). We calculated transitivity using the clus-
, where k i is the number of species associated with species i and s i is the number of associations among species associated with species i (Watts & Strogatz, 1998) . Clustering c measures the local cohesiveness of a group of species and the degree of interconnection of a community. We computed clustering using the transitivity function in igraph R package (Csárdi & Nepusz, 2006) .
In order to assess the deviation of observed network properties from random expectation, we built random networks according to the G(n,m) Erdős-Rényi model (Kolaczyk & Csárdi, 2014 ). This null model builds networks by assigning associations randomly to each pair of species on the basis of independent and identically distributed binomial trials. We built 999 random networks with the same number of species and associations as the observed network. We used the sample_gnm function in igraph (Csárdi & Nepusz, 2006 
| Statistical analysis
To test the significance of observed network properties (i.e., species connections and clustering), we calculated the p-value as i . Then we tested whether species traits predicted species connections. We used PCA (Le, Josse, & Husson, 2008) to reduce the dimensionality of trait space using the following variables: plant diameter, height, leaf mass per area (LMA), number of leaves, abundance and cover (Supporting information Appendix S2: Table S2 ). Variables were standardized; moss was excluded as lacking leaf traits. We extracted species scores for the first two principal components (PC1 and PC2). We used linear models with these two PC scores as predictors and species connections as response. We used the PCA function in FactoMineR (Le et al., 2008) and lm and anova in R.
| RE SULTS
We detected a total of 36 significant spatial associations. We found that positive associations (n = 34) but not negative associations (n = 2) between species characterized our alpine plant community Table S3 ). Over-connected plant species D. octopetala, L. alpina and L. montanus were dominant, stress-tolerant with high LMA and small stature. Less-connected plant species G. anisophyllon, S. aizoides and T. praecox were rare, water-and nutrient-demanding species with low LMA (Supporting information Appendix S1: Figure S7 ).
The plant interaction network was overall organized in a transitive, cohesive manner. Indeed, the overall degree of clustering of the plant network was significantly higher compared with random networks (c = 0.33, p = 0.011; Figure 4c ).
| D ISCUSS I ON
Our new approach combining spatial ecology with network theory and functional traits provided new insights on assembly process of plant communities. On the one hand, with spatial point-pattern analyses we could identify and isolate species associations by considering relevant confounding factors such as environmental heterogeneity and species microhabitat preferences (Chacon-Labella et al., 2016; Pescador et al., 2014; Wiegand & Moloney, 2014) . On the other hand, with network models we could analyse a complex set of species associations beyond pair-wise interactions (Delalandre & Montesinos-Navarro, 2018; Levine et al., 2017; Losapio et al., 2018; Verdù & Valiente-Banuet, 2008) . Integrating spatial analysis within network analysis therefore helped us to better reveal and model the structure of plant communities. In addition, the use of functional traits could provide a mechanistic, process-oriented view of the assembly of the plant interaction network. equal to 11%, which is similar to other plant networks, for instance in deserts (Losapio et al., 2018; Verdù & Valiente-Banuet, 2008 ) and drylands (Saiz et al., 2018) , or even similar compared to aquatic food webs (Dunne, Williams, & Martinez, 2002) . Only one plant species was completely isolated from the network, two were less connected whereas three species were more connected to other plant species than expected by chance. Isolated species were more competitive and nutrient-demanding plants, as indicated by their lower LMA and taller stature. Highly connected species were stress-tolerant plants, as indicated by high LMA, that dominate this type of vegetation.
Several subordinate and less-connected plant species were positively associated with them.
In line with experimental evidence of facilitation by Dryas octopetala (Klanderud & Totland, 2005) , our results indicate that this dwarf shrub can act as "foundation" species. This highlight that foundation species such as D. octopetala can have a pivotal role in the cohesiveness of plant networks and organization of plant communities.
Furthermore, this is consistent with the idea that facilitation is more common in stressful alpine environments then elsewhere in grasslands (Callaway et al., 2002; Cavieres et al., 2014) and suggests that species with positive effects on the community are the most highly connected, stress-tolerant species in the hierarchy, while the potential "beneficiaries" are the less-connected, subordinate species (Brooker et al., 2008) .
The plant network had a clustering structure, with species significantly interconnected among each other than expected by chance.
This means that, on average, two or more plant species associated with a common species were likely associated with each other. This indicates that besides the primary effect of foundation species also subordinate species are in turn associated with each other. This supports the recent call to move beyond pair-wise competition in plant communities (Levine et al., 2017) and consider interactions among plants at the level of the entire network. Finally, these results might explain the patchy structure of the examined alpine tundra vegetation because several plant species tended to aggregate more often than expected by chance. Potential underlying mechanisms might be positive feedbacks or facilitation cascades among plant species (Bruno et al., 2003; Meron, 2012) as well as increasing pollinator availability among facilitating plants . associations, the plant community showed a well-structured and cohesive web of interdependencies among plant species.
In conclusion, we have shown that combining spatial patterns with network theory and functional traits can advance our understanding of the assembly of plant communities. It is, however, important to bear in mind that observational studies such as the present one may only suggest potential mechanisms underpinning observed patterns. However, since the number of co-occurring species in natural communities can be high, manipulative experiments used to infer species dependencies are often restricted to a limited number of pair-wise species combinations. To overcome this limitation including as many species as possible, this analytical framework can be efficient in revealing the assembly of plant communities.
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